Deciphering cis-regulatory networks has become an attractive yet challenging task. This paper presents a simple model for cis-regulatory network discovery which aims to avoid most of the common problems of previous approaches. Using promoter sequences and gene co-expression profiles as input, rather than clustering the genes by the co-expression data, it includes neighborhood co-expression information for each individual gene from the co-expression data, thereby overcoming the disadvantages of current clustering based models which miss specific information for individual genes. Applications on Saccharomyces cerevisiae have shown a good prediction accuracy, which outperforms a phylogenetic footprinting approach. In addition, the top dozens of discovered gene-motif regulatory clusters are evidently functionally coregulated.
INTRODUCTION
The advance of experimental technology has made the computational approach of studying the cis-regulatory networks (CRN) more attractive. A widely used model is to Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. To copy otherwise, to republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. cluster genes from their expression profile and then using motif finding algorithms or motif enumerators to find the over-represented sequences within each cluster [7] . These clustering based models are not suitable to model the expression of each individual gene. To overcome this limitation, Bussemaker et al., 2001 [2] and Foat et al., 2005 [3] have provided a linear regression model to predict statistically significant motifs. While a fascinating approach, it assumes that the number of occurrences of motifs in a promoter is linearly correlated with the gene expression, while motifs are identified by simply enumerating all k-mers. From an entirely different angle, Pilpel et al., 2001 [6] provided an approach that screened genomic sequences against a database of putative regulatory motifs, evaluating the contribution of the occurrences of the motif on the gene expression by comparing the expression profiles of genes containing this motif. Against those that do not, this method needs previous knowledge about the putative motifs of that species, which may not be available. Another major direction is phylogenetic footprinting (PF) [1, 5] . It assumes that the cis-regulation is conserved over evolution. PF is a powerful method and has gained grand success for the prediction of conserved co-regulations. However, it cannot find speciesspecific co-regulations.
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Here, we propose a simple approach for inferring CRNs that avoids the common limitations delineated above. Using genomic promoter sequences and gene expression profile data as input, our method utilizes the gene expression profile in a novel way. Instead of the approach favored by previous clustering based methods, which clusters genes by coexpression information and finds over-represented motifs for each cluster, our method does not use the co-expression data for clustering, but instead for each individual gene to find its co-expressed neighbors. Then, it computes for the contribution for the gene-expressions of each enumerated motif pattern, for each individual gene with its co-expressed neighbors. In other words, it includes the gene expression profiles by an individual gene motivated pattern. An in silico evaluation on Saccharomyces cerevisiae has been performed. Compared to a PF based method on the annotated regulon co-expression network [8] and the ChIP-chip co-binding network [4] , this method shows a good prediction accuracy. Moreover, the top cis-regulatory clusters uncovered by this approach are evidently functionally co-regulated.
METHODS
The input of our method includes a list of promoter sequences and a gene-gene co-expression network. The m promoter sequences are viewed as 'background' and the n genes of the co-expression network are the target genes whose CRNs we want to study, where the n target genes are a subset of the m background genes. The gene-gene co-expression network is represented by an adjacency matrix, A = aij n×n , where aij = 1 if there is an edge between gene i and gene j, and 0 otherwise. For convenience, we let aii = 1 for all i.
We first count the number of occurrences for each k-mer, where k = 6 in this study, on each of the m promoter sequences. Let C = cij m×l be the k-mer occurrence table, where l = 4 k is the total number of candidate motifs (kmers). Let D = dij n×l be a matrix derived from C such that each row of D corresponds to a row in C for the same gene, and the order of the genes in D is equivalent to that in A.
Next, for each gene g present in the co-expression network, we identify its neighbors in the network, πg = {i|agi = 1}, and retrieve the corresponding rows from D, defined as T g = tij = dsj , where s ∈ πg.
Finally, we compute the significance for the j-th k-mer being over-represented in the neighborhood of gene g using either the cumulative hypergeometric test, or student's ttest. With the cumulative hypergeometric test, the p-value is calculated as
where x = |{i|T g = tij , tij > 0}| is the number of genes within gene g's neighborhood (including gene g itself) that have at least one occurrence of motif j, K = |{i|cij > 0}| is the number of such genes in the background (whole genome), and q = |πg| is the number of neighbors for gene g in the network. Intuitively, the cumulative hypergeometric p-value is the probability of drawing at least x of a possible K items in q drawings without replacement from a group of m objects.
Evaluation of the predicted cis-regulatory network is indispensable. If the CRN is correct and complete, we should be able to use it to model gene transcriptional level changes with a high accuracy. Therefore, given a set of gene expression microarray data, we attempt to construct a linear regression model for each microarray to predict the expression levels for each gene using the linear combination of the gene's motif scores. Let eg be the logarithm base two of the ratio of mRNA levels between two conditions for gene g, we model eg by eg = k i=1 βiwig + c. As the number of motifs (4096) we have is larger than the number of genes (3000), we applied a simple feature selection by only including the top 200 motifs that have the highest correlation between motif significance scores and gene expression levels, and performed linear regression only using these 200 motifs. To measure the biological relevance of the CRN, we calculated the root mean squared error (RMSE) and the correlation between the predicted expression levels and the actual values. A higher correlation or a lower RMSE means a better prediction accuracy and therefore a biologically more relevant CRN.
RESULTS AND DISCUSSION
From Table 1, our main model, which denoted as 'cis, coexp', gets the best result on both the correlation (0.6642) 
CONCLUSIONS
The method provided by this paper combined gene expression profiles and promoter sequences in a novel way. It does not neglect the information of each individual gene in the expression profiles. Compared to current methods using phylogenetic footprinting, this method is better for discovering species specific co-regulations.
